Under the Connected Vehicle environment where vehicles and road-side infrastructure can communicate wirelessly, the Advanced Driver Assistance Systems (ADAS) can be adopted as an actuator for achieving traffic safety and mobility optimization at highway facilities. In this regard, the traffic management centers need to identify the optimal ADAS algorithm parameter set that leads to the optimization of the traffic safety and mobility performance, and broadcast the optimal parameter set wirelessly to individual ADAS-equipped vehicles. Once the ADAS-equipped drivers implement the optimal parameter set, they become active agents that work cooperatively to prevent traffic conflicts, and suppress the development of traffic oscillations into heavy traffic jams. Measuring systematic effectiveness of this traffic management requires am analytic capability to capture the quantified impact of the ADAS on individual drivers' behaviors and the aggregated traffic safety and mobility improvement due to such an impact. To this end, this research proposes a synthetic methodology that incorporates the ADAS-affected driving behavior modeling and stateof-the-art microscopic traffic flow modeling into a virtually simulated environment. Building on such an environment, the optimal ADAS algorithm parameter set is identified through a multi-objective optimization approach that uses the Genetic Algorithm. The developed methodology is tested at a freeway facility under low, medium and high ADAS market penetration rate scenarios. The case study reveals that fine-tuning the ADAS algorithm parameter can significantly improve the throughput and reduce the traffic delay and conflicts at the study site in the medium and high penetration scenarios. In these scenarios, the ADAS algorithm parameter optimization is necessary. Otherwise the ADAS will intensify the behavior heterogeneity among drivers, resulting in little traffic safety improvement and negative mobility impact. In the high penetration rate scenario, the identified optimal ADAS algorithm parameter set can be used to support different control objectives (e.g., safety improvement has priority vs. mobility improvement has priority).
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Introduction
The Advanced Driver Assistance Systems (ADAS) have been widely accepted in the last decade as an effective technology for assisting drivers to avoid traffic accidents (NHTSA, 2015; Bengler et al., 2014) . One of the core components of the ADAS is the alarm algorithms (Ararat et al., 2006; ISO 15623, 2002; Kiefer et al., 2003; Brunson et al., 2002) . The algorithms define multiple criteria that specify the maximum speed a driver is allowed to drive at a road segment, the minimum following headway or spacing the driver should maintain, the safe gap for lane changes, and the timing at which the driver should take evasive actions to avoid a collision (Adell et al., 2011; Nodine et al., 2011; Farah et al., 2012; Birrell et al., 2014; Várhelyi et al., 2015) . If any of the criteria is violated, the ADAS will warn the driver via video, audio or haptic messages (Farah and Koutsopoulos, 2014) , or even directly intervene the driving task in critical situations (Coelingh et al., 2010) . Because of the features, the ADAS is able to effectively reshape the drivers' behaviors such that they will interact more properly and quickly with the traffic environment (Birrell et al., 2014) , and their maneuvers more harmonious in a traffic stream (Farah et al., 2012) . Subsequently, many traffic conflicts (near miss traffic accidents) can be avoided and the associated traffic disturbances dampened. As a result, the operation of a traffic stream would be greatly improved with enhanced safety.
With the advancement of the Connected Vehicle (CV) technology that enables wireless communication among vehicles and road-side infrastructure (Jones, 2013; Shladover et al., 2012; Kesting et al., 2010) , the ADAS's capability of improving traffic safety and mobility can be further amplified through the collaborative efforts of the traffic management centers and the ADAS users. To this end, the traffic management centers first perform scenario-based analyses for a concerned highway facility based on the real-time or projected traffic conditions (e.g., traffic demand and fleet composition), the ADAS marketing penetration rate (i.e., the percentage of vehicles that are equipped with the ADAS), and the drivers' acceptance or compliance level to the ADAS assistance. In these analyses, the ADAS with various algorithm parameter levels are assumed to be deployed consistently in the vehicle fleet. The output of the analyses is a specific set of the ADAS algorithm parameters that enables the maximum safety and mobility improvement of the concerned facility. Such an ADAS algorithm parameter set is referred to as the optimal ADAS algorithm parameter set. The optimal ADAS algorithm parameter set is then broadcasted via the wireless communication to individual ADAS-equipped vehicles. Once the ADAS-equipped drivers implement the optimal parameter set, they become active agents that work cooperatively to prevent traffic conflicts, and suppress the development of traffic oscillations into heavy traffic jams.
To identify the optimal ADAS parameter set, we need to quantify the impact of the ADAS on individual drivers' behaviors, and estimate the systematic safety and mobility improvement due to the behavior impact. The existing ADAS effectiveness studies, however, mainly adopt field or simulator-based evaluation methods that can test the behavior adaptation for a small group of test drivers (Bueno et al., 2014; Várhelyi et al., 2015) . It is not technically or economically feasible to identify the systematic impact of the ADAS within the existing evaluation framework. To address this challenge, a cost-effective no-risky synthetic approach is developed in this study to capture the effectiveness of the ADAS on individual drivers' driving behaviors, and the subsequent aggregated influence of such affected behaviors impacts on traffic mobility and safety from a systematic standpoint of the CV-involved traffic flows. This integrated methodology is built into a microscopic simulation environment to investigate how the ADAS equipped within individual vehicles can be implemented cooperatively to optimize the traffic flow operation. Specifically, we first establish the functional relationship between the ADAS algorithm parameters and the drivers' behavior adaptation based on findings of the existing ADAS effectiveness studies. The identified ADAS-affected behavior parameters are then embedded into the state of the art microscopic traffic flow models as factors representing drivers' response sensitivity to traffic stimuli, such as relative speed and spacing between the subject driver and the leading vehicle. The traffic flow models are used to realistically reproduce the vehicle activity data, which provides the basis for computing the safety and mobility measures of effectiveness (MOEs). Finally, a multi-objective optimization framework that employs the Genetic Algorithm (Miettinen, 2012 ) is adopted to iteratively execute the simulation model until it identifies the optimal ADAS algorithm parameter set that maximize the MOEs.
The paper is organized as follows. In Section 2, a comprehensive literature review is conducted to summarize the major functionality of the ADAS, the ADAS-affected driving behaviors, and the systematic impact of the ADAS on traffic safety, mobility and emission reduction. Section 3 discusses the methodology framework of the presented research. In Section 3.1, the alarm algorithm of a major ADAS function (i.e., forward collision warning) is elaborated and the key parameters of the algorithm are identified. Section 3.2 contains the modeling methods of the ADAS-affected behaviors, and the incorporation of the ADAS-affected behaviors into the microscopic traffic flow models. Section 3.3 describes the multi-objective optimization method used for searching for the optimal ADAS algorithm parameter set. In Section 4, the presented methodology is tested in a case study performed at a realistic freeway site. Finally, the conclusion of the research is presented in Section 5.
Literature review
A typical ADAS can provide user assistance functions including forward collision warning (FCW), speed limit warning (SLW), curve speed warning (CSW), lane departure warning (LDW), and/or blind spot warning (BSW). Among them, the FCW, SLW and CSW are designed to assist the longitudinal movement of subject drivers, whereas the LDW and BSW for the lateral movement. In the remaining sections of the paper, the FCW, SLW and CSW are referred to as the longitudinal movement assistance functions and the LDW and BSW are referred to as the lateral movement assistance functions. The impact of these functions on driving behaviors is summarized in Tables 1 and 2. Table 1 includes field tests of the ADAS;  whereas Table 2 contains the simulator based studies. The Cooperative Adaptive Cruise Control (CACC) is also a widely studied ADAS function. Nonetheless, the CACC automatically performs longitudinal vehicle control, rather than affects drivers' behaviors. Above tables indicate that the simulator-based study is often used in the early stage of the ADAS development; whereas the field tests are mostly conducted as the technologies become more mature. The simulator-based tests usually focus on exploring the effectiveness of specific ADAS functionalities or improving the design of the ADAS algorithms. On the other hand, the field tests mainly concern the reliability of the entire ADAS system. In this case, the tests not only monitor the behavior impact, but also examine system aspects such as the reliability of the wireless communication and the human interface design. The majority of driver behaviors tested in the studies have two common features: (1) they are correlated with the traffic safety performance; and (2) they can be quantitatively measured by using existing sensing technologies. Besides these tested behavior parameters, some less studied ADAS-affected behaviors might also have significant impact on the traffic flow operation. Examples include the variation of a ADAS-equipped driver's behavior adaptation under different traffic conditions and driver mental states, the behavior patterns of the driver after using the ADAS for a long period of time, and the behavior adaptation of non-equipped drivers as they interact with the ADAS-equipped drivers. Since these parameters are difficult to measure with the existing methods, the development of more sophisticated experimental design and more advanced measuring technologies is required to address the challenge. In addition, the functionality description of the ADAS indicates that the ADAS might also affect behaviors related to the traffic flow stability. Such behaviors include the drivers' short-term prediction of surrounding vehicles' speed and location, and the multi-anticipation behavior that takes into account multiple leading vehicles in the car-following state. Unfortunately, these behaviors are not considered by the listed studies. Such a research limitation requires attention of the future studies. Tables 1 and 2 indicate that the FCW is the most tested function of the ADAS. It has potential to affect subject drivers' perception-reaction time and desired following headways. As the FCW is expected to be widely adopted by users in the near future, this function and its affected behaviors are selected in this study to demonstrate the methodology for ADAS algorithm parameter optimization.
The effectiveness of the ADAS is usually evaluated by the simulation studies. A summary of the studies is provided in Table 3 . It reveals that a great research effort has been made to estimate the safety, mobility and environmental impact of systems that automatically perform driving tasks for drivers (e.g., CACC). A relatively fewer studies concern the driver assistance functionalities of the ADAS, due to the lack of the analysis capability for capturing the ADAS-equipped drivers' behavior adaptation. The studies that do explore the effectiveness of the driver assistance functionalities (e.g., Lundgren and Tapani, 2006; Khondaker and Kattan, 2015) fail to model the behavior adaptation as a function as the ADAS control algorithms. The test results from studies listed in Tables 1 and 2 are not fully exploited to quantify the range of the behavior adaptation or explore the functional relationship between ADAS-equipped drivers' behavior adaptation and the ADAS algorithm parameters. Without the consideration, their methodologies are not able to consider the duration and intensity of Table 3 Systematic impact of ADAS on traffic flow operation.
Study
System analyzed Behavior considered
Traffic flow models System impact Lundgren and Tapani (2006) ADAS (no function specified)
PRT (0-1.5 s) and desired headway (1-3 s)
Gazis-Herman-Rothery (GHR) model for carfollowing (CF) behavior 130% increase of time-exposed time-to-collision (TET) and 280% increase of time-integrated TTC (TIT) as PRT increases from 0 to 1.5 s; 233% decrease of TET and 300% decrease of TIT as desired headway increases from 1 to 3 s Van Arem et al. ADAS's impact on individual driver, or the randomness of the level of impact on different drivers. Hence the outputs of these methodologies might be incapable of accurately reflecting the systematic impact of the ADAS.
Methodology
The following table lists the notations used in the presented research (see Table 4 ). The methodology framework for identifying the optimal ADAS algorithm parameter set is illustrated by Fig. 1 . The framework elaborates major components involved in this research, and governing equations adopted by individual component. Numbers in the shaded circles represent subsections that discuss the corresponding components. In this study, we focus on the modeling of the perception-reaction time (PRT) and desired headway (DH) adaptation, because these parameters can be significantly affected by the FCW (see Sections 3.1 and 3.2). When looking for the optimal ADAS parameter set, we do not apply an explicit objective function that quantify the relationship between the ADAS parameter and the MOEs. Instead, the functional relationship is obtained implicitly through executing the presented traffic flow models (see Section 3.3). A major assumption in this study is that a driver makes behavior changes only when the ADAS is interacting with the driver. If the ADAS does not provide warning or advisory information, the driver is assumed to behave similarly to the non-ADAS equipped drivers. In this case, the ADAS-equipped drivers' long-term behavior adaptation is not considered.
Identification of target ADAS algorithm parameters
As one of the most important functions in ADAS, the FCW is considered in the presented study. The FCW function determines the driving behavior criteria based on the kinematic and perceptual approach (Bella and Russo, 2011) . With the perceptual approach, an alarm is triggered once the subject driver's headway or time-to-collision (TTC) to the leading vehicle is lower than the pre-specified critical headway or TTC threshold (Shinar and Schechtman, 2002; Mulder et al., 2004; Mohebbi et al., 2009 ). On the other hand, the kinematic approach continuously compares the subject driver's following distance (or spacing) with the warning distance, which is a function of the host vehicle's speed, the relative speed and spacing between Table 4 Notations used in the research.
ADAS Algorithm

HW ADAS (s)
Threshold headway used by the ADAS algorithm. It represents the smallest safe headway. HW Ã ADAS represents the boundary of the threshold headway WD (m)
Warning distance, a threshold distance used by the ADAS algorithm. It represents the shortest safe spacing between a subject vehicle and its leading vehicle H Subject vehicle that hosts the ADAS system L Leading vehicle in front of the subject vehicle A Hmax (m/s 2 ) Anticipated maximum deceleration of the subject driver
Time for the leading vehicle to stop:
Time for the subject vehicle to stop:
Minimum distance between the leading vehicle and the host vehicle
Boundary of the warning distance, a function of the WD Driver behavior parameters Actual spacing between a subject driver and the leading driver a, b
Model coefficients in the intelligent driver model the host vehicle and the leading vehicle. If the spacing is shorter than the warning distance, the ADAS will issue a warning message to the subject driver (Brunson et al., 2002) . In some studies, the perceptual approaches that adopt the TTC based thresholds are reported (Mulder et al., 2004; Mohebbi et al., 2009; Nodine et al., 2011) , and in other studies the headway based thresholds are applied (Shinar and Schechtman, 2002; Birrell et al., 2014) . The TTC or headway threshold of an ADAS is usually directly set to a fixed value. The reported TTC thresholds range from 2.0 s to 5.0 s, whereas the headway thresholds are between 1.2 s to 2.4 s. Both TTC thresholds and headway thresholds can be adopted to affect the subject driver's desired car-following distance. In this study, the headway threshold is selected as an ADAS algorithm parameter to be optimized later, because it can be directly associated with the subject driver's car-following behavior. The boundary of the headway threshold is given as:
Above boundary specifies the field within which the search for the optimal headway threshold should be performed. The kinematic approach adopts algorithms such as the Mazda algorithm (Ararat et al., 2006) , the stopping distance algorithm (ISO 15623, 2002) , the CAMP algorithm (Kiefer et al., 2003) , and the National Highway Traffic Safety Administration (NHTSA) algorithm (Brunson et al., 2002) . In this study, the NHTSA algorithm is adopted because it considers different cases as the host vehicle approaches the leading vehicle in a potential collision course. Specific model formulations are applied for computing the warning distance in individual cases. Particularly, when an initially moving leading vehicle stops prior to the host vehicle or the leading vehicle is initially stopped, the following condition should be met:
The warning distance is: When the host vehicle stops while the leading vehicle is still in motion or T LS P T HS , the warning distance is:
The NHTSA algorithm contains three free parameters: the minimum distance between the leading vehicle and the host vehicle (D 0 ), the perception-reaction time of the subject driver (PRT), and the maximum deceleration of the host vehicle (A Hmax ). These parameters are candidate ADAS algorithm parameters to be optimized, because changing their levels can alter the timing when the ADAS starts to interact with the subject driver. In practice, D 0 is usually set to a constant equal to the average vehicle spacing in jam traffic (e.g., 2 m). The PRT of the subject driver changes from time to time as the driver interacts with ADAS. It is not proper to use it as the ADAS algorithm parameter for optimization. Based on the above discussion, the A Hmax is taken as the second ADAS algorithm parameter to be optimized. The influence of A Hmax on the warning distance is visualized by Fig. 2. The existing studies adopt A Hmax in a range between 0.1 g and 0.9 g (g ¼ 9:8 m=s 2 , gravity acceleration) (Brunson et al., 2002; Lee et al., 2002) . A smaller A Hmax would result in a longer warning distance and earlier collision warning, and a larger A Hmax shorter warning distance and later collision warning. In this case, the boundary of the warning distance threshold s Ã ADAS is given as:
Modeling driver behavior adaptation under the influence of ADAS
According to the existing studies as enlisted in Table 1 , the FCW function of the ADAS primarily impact subject drivers' behavior regarding the PRT and DH. The headway adaptation arises because the ADAS continuous reminds the subject driver of her real-time headway via a color-based human machine interface (e.g., red icon means a lower than threshold headway and green icon means larger). In this case, the subject driver can easily maintain her headway in a safe and consistent level and the headway records are closely distributed around the headway threshold set by the ADAS.
When modeling drivers' headway adaptation, the uncertainty of a driver's compliance level to the ADAS information needs to be considered. To this end, a compliance index r is assigned to each of the modeled drivers. The index is a random integer that ranges between 0 and 100. A driver with a compliance index of 0 completely ignores the information sent by the ADAS, whereas a driver with a compliance index of 100 completely follows the instructions given by the ADAS. The ADAS does not interact with the equipped drivers all the time. It only becomes active when there are traffic events that require the drivers' attention. The ADAS stops the interaction when the events no longer exist. In this case, the impact of the ADAS on the driving behavior does not exist all the time. In this study, we assume that the influence of the ADAS reaches its maximum level as the ADAS triggers an alarm. The maximum influence will last for a short time, during which the driver's behavior parameters adapt to different levels. This period is referred to as the ADAS influence time. Afterwards, the influence of the ADAS will slowly decrease and finally disappear. The period of the influence decrease is called recovering time. The two time periods are visualized in Fig. 3 .
After incorporating the uncertainty of the compliance level and the ADAS influence time, the ADAS-affected headway is mathematically given as:
Parameters used in this plot: initial speed of the leading vehicle = 30 m/s; deceleration of the leading vehicle = -0.55g; PRT = 1.4 s; and D0 = 2 m. 
where t is the time elapsed since the ADAS triggers the alarm. The PRT is defined as the time gap between the onset of a traffic event (such as the braking light of the leading vehicle is on) and the onset of the subject driver's response to the event. As stated by Treiber and Kesting (2013) , the PRT contains the mental processing time, the movement or action time, and the technical response time of the vehicle. The mental processing time is the duration in which the driver assesses the traffic condition and decides proper actions to take. It is further divided into the sensation time, the perception time, the situation awareness time, and the decision time (see Fig. 4 ).
The PRT reduction is observed as the ADAS sends collision warnings. Before the warning is issued, the ADAS has completed the sensation, perception and situation recognition in the background via the wireless communication. The primary wireless communication technology of the ADAS is the Dedicated Short Range Communication (DSRC), which has a very small communication latency (e.g., in the order of 0.002 s, see Hill and Krueger, 2016) . For this reason, the ADAS can perform situation recognition much faster than human drivers, and consequently help reduce the total time required by a driver in response to an event. In addition, upon receiving the message, the subject driver becomes aware of the imminence of a potential collision and understands where the risk comes from (i.e., from the leading vehicle). The Highway Safety Manual (AASHTO, 2010) reported that a human driver generally responds much faster to expected events than to unexpected events. When the ADAS is involved in the driver's decision-making process, the driver's PRT is defined as the summation of ADAS's communication and situation recognition time, the information processing time, the decision time, the movement time, and the technical response time, as shown by Fig. 4 . The information processing time is the time period required by the driver to understand the ADAS information. Table 1 reveals that the PRT reduction of an ADAS-equipped driver could be in a range of 10% to 50%. Similar to the DH model, the ADAS affected PRT is described as follows:
These ADAS-affected driving behaviors are incorporated into the Intelligent Driver Model (IDM, see Treiber et al., 2006) . In the IDM, a driver's acceleration is modeled as a function of her own speed and the following distance. The desired following distance is a function of the driver's speed, desired headway, and the relative speed to the leading vehicle. In each update interval, the IDM computes the ratio between the speed and the driver's desired speed and the ratio between the following distance and the desired distance. If the ratios are less than 1, the driver tends to accelerate. The intensity of the acceleration is determined based on magnitude of the ratios. In this study, the IDM has been modified in the two aspects: (1) a delay term is added to represent the driver's perception reaction time; and (2) a desired headway function described by Eq. (6) is used to replace the constant desired headway adopted in the original IDM model. The modified IDM is mathematically represented by the following equations: In the presented methodology framework, the variation of the behavior parameters among drivers are considered by assigning normal distributed v 0 , DH and PRT to individual drivers. After incorporating the PRT term into the IDM, the model will produce vehicle collisions. Nonetheless, realistic modeling of traffic accidents is beyond the capability of the modified IDM. Thus, these artificial collisions are removed from the numeric simulation algorithm. The assumption for the model simplification is that the drivers will brake strongly to prevent severe conflicts from developing into collisions. During the hard brake process, the drivers highly concentrate on the action in and their response is very fast manner. The assumption is implemented such that a modeled driver's response delay will be relaxed from Eq. (8) if the driver is about to collide with the leading vehicle in the next second. Once the response delay is removed, the subject driver will slow down immediately with a large deceleration. The potential collision can be avoided because of the large deceleration.
The lane-changing model developed by Hidas (2002 Hidas ( , 2005 ) is used to capture the lateral movements of the modeled vehicles. In the Hidas model, a lane change may be considered 'desirable' or 'essential'. A driver feels 'desirable' to make a lane change if she tries to gain speed advantage in the target lane. On the other hand, a driver's lane-changing desire is 'essential' when the driver must perform a lane change in order to continue her or his route. Once a driver is motivated to perform a lane change, she will choose to perform either a free, cooperative, or forced maneuver. In a desirable lane change, the subject driver will only attempt to perform the free maneuver, which does not involve the interaction between the subject driver and the lag vehicle (see Fig. 5 ). In an essential lane change, the subject driver will first seek for the opportunity to make a free maneuver. If it is not possible, the driver will check if the lag vehicle is willing to courteously slow down and create a gap. If the lag vehicle starts to slow down, she will merge into the created gap and completes a cooperative maneuver. In case the subject driver is unable to conduct a free or cooperative maneuver, she will decide to force into the target lane, which results in a forced maneuver.
The modeled lane change behavior differs with the real lane change behavior in the following aspects. First, the lane change maneuver is assumed to take place instantly. In addition, the maximum deceleration accepted by drivers involved in a lane change is much larger than the maximum deceleration used in the normal car-following condition. Finally, the model does not consider the relaxation behavior, which describes the gradual increase of the following distance after the completion of a lane change. After applying the modeling assumptions, the traffic flow models are able to closely reproduce the traffic flow patterns observed at the study site.
In the methodology framework, the IDM and Hidas models are embedded into the Matlab environment. The models are executed through a Matlab script that outputs the vehicle location, speed and acceleration in each update interval. The outputs are then input into the VISSIM environment with external programming codes via the .COM interface. The trajectories of the modeled vehicles are visualized through running the rebuilt VISSIM model. The following table shows the pseudocode that depicts the programming algorithm executed at each simulation time step (see Table 5 ). 
Identification of optimal ADAS algorithm parameter set
In this study, the Genetic Algorithm (GA) is adopted to search the optimal HW ADAS and A Hmax that enable the optimization safety and mobility MOEs. The GA iteratively executes the car-following and lane-changing models presented in Section 3.2 and computes the MOEs at various HW ADAS and A Hmax levels. The optimization programing can be expressed by the following equation: max M S:T:
where M is a vector containing the target MOEs; x ¼ HW ADAS A Hmax ; X ¼ HW Ã ADAS A Ã Hmax ; the constraint I Ã ex represents exogenous parameters (in comparison to endogenous parameters such as the driving behaviors) that affect dynamics of a traffic flow stream at a study highway facility. In the presented methodology, I ex includes the highway facility type (e.g., basic freeway segment, freeway weaving/merging/diverging segment, arterial or intersection), traffic demand, fleet composition, and penetration rate of the ADAS. The optimal set of the ADAS parametersx are found if for some neighborhood ofx there does not exist a Dx such that x þ Dx 2 X and M i ðx þ DxÞ 6 M i ðxÞ; 8i and M i ðx þ DxÞ < M i ðxÞ for at least one i ð11Þ wherex might contain multiple points. While moving from one point to another, there is always a certain amount of sacrifice in one MOE to achieve a certain amount of gain in the other(s). In this study, the safety MOE is the average number of conflicts experienced by a driver as she passes the concerned road segment. The occurrence of a conflict is identified by using the TTC measure. The TTC is defined as the time remaining until a collision will occur between two vehicles if their collision course and speed difference are maintained (Hayward, 1972) . If at some time the TTC of a subject driver drops below a threshold TTC, it indicates the start of a conflict; and later as the TTC rises above the threshold again, the conflict is ended. The TTC is mathematically given: 
where D is the spacing between the leading vehicle and the subject driver; v L is the speed of the leading vehicle; and v S is the speed of the subject driver. In this research, the threshold TTC is 1.5 s, as recommended by Gettman et al. (2008) .
The mobility MOEs are the highway throughput in number of vehicles per hour per lane (veh/hr/ln) and the average travel delay reduction per vehicle (s/veh). The delay is computed as the difference between a driver's actual travel time through a road segment and the travel time the driver would have if she travels at the free flow speed of the road segment. It is computed by the following equation:
where t i is the actual travel time of driver i; S is the length of the study site; and v 0 is the free flow speed.
4. Case study for a freeway bottleneck
Study site description
A freeway segment at northbound I-71 freeway close to Exit #12 in the Greater Cincinnati area, Ohio is taken as the study site in this research (see Fig. 6 ). The freeway mainline has three lanes. The Montgomery on-ramp is connected to the northbound freeway mainline by a 110-m acceleration. The on-ramp is 390 m in length. A five-weekday traffic data count was performed at this site in June 2015 to obtain the traffic demand data. The mean peak hour traffic volume of the freeway is found to be 4400 vehicles per hour, with 4.5% of heavy-duty vehicles. The mean peak hour ramp traffic is 950 vehicles per hour, with 1% of heavy-duty vehicles. This site has recurrent traffic congestions, mainly due to the traffic disturbances caused by the large ramp flow. In the case study, the traffic data is collected in a 900-m freeway segment that covers the onramp merging area. A 1600-m freeway segment upstream of the area is also included in the simulation study. This segment allows the modeled vehicles to fully interact before entering the data collection area.
Calibration and validation of traffic flow models
The calibration and validation of the IDM and Hidas model are carried out following the procedure developed by Park and Won (2006) . The objective of the model calibration is that, given the peak hour traffic inputs, the calibrated models are able to reproduce key traffic flow parameters that are compatible with the real-world observations. The key traffic flow parameters used in the calibration are mean vehicle travel time over the 900-meter data collection segment (travel time) and mean vehicle speed at the beginning of the acceleration lane (entry speed). The benchmark travel time and entry speed are collected by using GPS-equipped floating cars from 2013 to 2016. The traffic data collected under the congested traffic conditions are used for the calibration and validation. A data point falls into the congested traffic condition if the travel time is larger than 50 s-our data inspection indicates that the travel time under the free flow and congested traffic condition breaks down around 50 s. 250 GPS trajectory samples are used for calibration and another 238 samples for validation. The GA is used to search for the optimal IDM and Hidas model parameters at which the distribution differences between the modeled and observed travel time and entry speed are minimized. The model calibration adopts the following multi-objective optimization model:
where P represents the calibrated model parameters; X contains the parameter upper and lower bounds; and p À Values contains the p-values of the Kolmogorov-Smirnov (K-S) tests. Two K-S tests are performed for the travel time and entry speed separately. The less the p-value is, the closer the modeled and observed travel time (entry speed) are. The calibrated IDM and Hidas parameters and the optimal parameter levels are shown in Table 6 . As shown by Fig. 7 , the modeled results are very consistent with the validation dataset. Fig. 6 . Case study site.
Case study results and discussion
The case study considers a base scenario and three ADAS scenarios. In the base scenario, none of the modeled drivers are equipped with the ADAS. Results of the base scenario represent the existing traffic condition. The three ADAS scenarios incorporate low, medium and high ADAS marketing penetration rates, respectively. In each ADAS scenario, the modeled drivers are first assumed to randomly choose the HW ADAS and A Hmax levels. Their compliance level to the ADAS information is also a random variable that follows the normal distribution. Afterwards, the traffic management strategy is assumed to be implemented. In this case, the drivers will consistently adopt the HW ADAS and A Hmax level recommended by the traffic management team. Their compliance level will become higher and less dispersed. We perform 20 simulation runs for each scenario. The time period of each run is 90 min. The first 30 min are warm-up period. The data collected in the remaining 60 min is adopted for the scenario comparison. Parameters used to define the scenarios are listed in Table 7 .
We first compare the MOEs among the base scenario and the ADAS scenarios in which drivers randomly choose HW ADAS and A Hmax . As Table 8 shows, the mean and standard deviation of the average conflicts measure decreases with the increase of the ADAS penetration rate-more conflicts can be avoided as greater number of drivers are assisted with the ADAS. Nonetheless, the magnitude of the safety improvement is too small under the medium and high penetration rate scenarios. For example, there is only 7.2% extra decrease of conflict as the penetration rate increases from 20% to 55%; and 4.3% extra decrease of conflict as the penetration rate grows from 55% to 90%. In addition, the mobility MOEs even become worse as the penetration rate increases. The reason for the throughput decrease is that the ADAS-equipped drivers tend to keep larger time headway than non-equipped drivers. As a result, the ADAS-equipped drivers will maintain longer following distance than nonequipped drivers under the same speed. The longer following distance leads to smaller vehicle density and smaller throughput. The larger delay is caused by the unique acceleration and deceleration patterns of the ADAS-equipped drivers. Before entering a congested region (e.g., a stop-and-go wave), a ADAS-equipped driver will begin decelerating at a larger distance than a non-equipped driver. After the ADAS-equipped driver passes the congested region, she will not start to accelerate until the headway to the leading vehicle is longer than her desired headway. Because of these behaviors, the ADAS-equipped drivers will end up with smaller average travel speed, and thus larger delay. The safety improvement is not significant, because the ADAS intensifies behavior heterogeneity among drivers by enlarging the behavior differences of the ADASequipped drivers and non-equipped drivers and changing the behavior of the ADAS-equipped driver changes from time to time. Such a heterogeneity gets even larger as the ADAS-equipped drivers are allowed to randomly setup the ADAS algorithm parameters. The behavior heterogeneity may negatively affect the traffic flow stability, and offset the safety benefit of the ADAS.
Previous discussion reveals that the implementation of the ADAS may not lead to the expected traffic mobility and safety improvement. One major reason is that the ADAS-equipped drivers randomly set up the ADAS parameter levels, resulting in increased heterogeneity among drivers. If the ADAS-equipped drivers can consistently accept a ADAS parameter level, the traffic mobility and safety performance might be improved comparing to the random parameter case. To test the hypothesis, we first conduct a preliminary analysis at finite HW ADAS and A Hmax levels. The considered HW ADAS levels range from 1.2 s to 2.4 s, with 0.3 s increment; and the A Hmax levels range from 0.1 g to 0.9 g, with 0.2 g increment. Thus 25 cases (5 HW ADAS levels times 5 A Hmax levels) have been considered in the preliminary analysis. The tested HW ADAS and A Hmax combinations cover the entire domain of the two parameters. If substantial mobility or safety improvement is identified at some combinations, it is worthy to continue the search for the optimal HW ADAS and A Hmax levels. that incur improved mobility and safety MOEs. In addition, the percentage of the ADAS influence time over the total vehicle time traveled (T ADAS %), and the average PRT (PRT) and desired headway (HW) of the modeled drivers are listed in the table for better analysis. Based on these factors, we confirm that the ADAS interacts with drivers more frequently not only as the penetration rate increases, but also as the HW ADAS increases or the A Hmax decreases. Moreover, the average PRT and headway increase as the HW ADAS and A Hmax levels become higher.
Comparing to scenario 1-1, the improvement of the MOEs in scenario 1-2 is insignificant. Since the penetration rate of the ADAS is low in scenario 1, the overall traffic operation will not have much change even though all ADAS-equipped drivers behave consistently. It suggests that there is no much benefit to implement the traffic management under low ADAS penetration rate. On the other hand, larger number of HW ADAS and A Hmax combinations have led the improved MOEs in scenario 2 and 3. The MOE improvement is also very significant. Hence the optimal ADAS parameter search should be carried out for the medium and high ADAS penetration rate scenarios.
The optimal HW ADAS and A Hmax levels for scenario 2, and their corresponding MOEs are shown in Table 10 . The optimal points are visualized in Fig. 8 . The optimal performance is reached when the HW ADAS is in the middle range (e.g., 1.6 s to 1.8 s) and the A Hmax is in the high range (e.g., 0.8 g to 0.9 g). In this case, the ADAS encourages the subject drivers to keep a slightly longer headway than the non-equipped drivers. As the A Hmax is set to a high level, the ADAS only triggers the collision alarm when very severer conflicts take place. Under the optimal HW ADAS and A Hmax levels, the conflict and delay measures have the most significant improvement. It indicates that the reduction of behavior heterogeneity among ADASequipped drivers can further take down the number of traffic conflicts. The reduction of conflicts leads to the decline of the traffic disturbances. Consequently, the ADAS-equipped drivers encounter fewer deceleration and acceleration cycles, resulting increase of the average travel speed and reduction of the delay. Nonetheless, the throughput improvement is not as prominent as the other two MOEs. This is because the desired average headway of the drivers gets bigger under the optimal HW ADAS levels. The negative impact of the increased headway on the throughput can offset the mobility benefit brought by the ADAS.
The optimal HW ADAS and A Hmax levels for scenario 3, and their corresponding MOEs are shown in Table 11 . The optimal points are visualized in Fig. 9 . The optimal points are found at the lowest A Hmax level (i.e., 0.1 g). In this case, the ADAS alarm Changes are shown by numbers in the parentheses. Fig. 8 . Visualization of optimal HWADAS and AHmax levels for scenario 2.
will be triggered even if the conflict is a minor one. As a result, the system will interact with the subject drivers very frequently. On the other hand, the optimal HW ADAS ranges from 1.2 s to 2.1 s. If the HW ADAS is set to low levels (e.g., 1.2 s to 1.6 s), the mobility performance will be most significantly improved; if the HW ADAS is set to high levels (e.g., 1.6 s to 2.1 s), the safety performance will have larger improvement than the mobility measures. The actual HW ADAS for a concerned site can be determined based on the control priority of the specific site. For example, if recurrent congestions are observed at the site, the improvement of traffic efficiency might need to be prioritized. Thus the headway threshold should be set at lower levels so that the mobility MOEs can reach the optimal levels. On the other hand, if the primary objective is to improve the safety, the headway should be set at higher levels such that the number of conflicts are minimized. Comparing to the scenario 2, the optimal points are much more scattered in this scenario. It means that the optimal traffic operation can be achieved in greater HW ADAS and A Hmax ranges. In other words, the condition for optimization becomes less strict. In addition, both the throughput and conflict measures have much greater improvement in this scenario. The delay measure is worse than that of scenario 2 when the HW ADAS is set to high levels, because in this case, the HW ADAS is much larger than the optimal HW ADAS of scenario 2. As discussed earlier, a larger headway can result in a smaller average travel speed and longer delay. Results in Figs. 8 and 9 show that the change of MOEs is more rapid along the HW ADAS axis than along the A Hmax axis. It suggests that the HW ADAS plays a more important role in influencing the MOEs than the A Hmax . Since the ADAS continuously monitor the headway of a subject driver, the effect of HW ADAS is cast on the subject driver all the time. On the other hand, the effect of A Hmax only arises when the following distance is less than the warning distance. As the chance for a driver being affected by HW ADAS is larger, the HW ADAS terms play more significant role. Fig. 8 also suggests that the low HW ADAS and A Hmax levels (e.g., HW ADAS < 1:4s and A Hmax < 0:4g) should be avoided when the ADAS penetration rate is 55%. At these HW ADAS and A Hmax levels, the ADAS makes the drivers overly sensitive to the traffic conflicts. Such a behavior of a ADASequipped driver might induce a chain of traffic conflicts to the following drivers, especially when the following drivers Changes are shown by numbers in the parentheses. Fig. 9 . Visualization of optimal HWADAS and AHmax levels for scenario 3.
are non-equipped drivers. The high HW ADAS levels should also be avoided, because it causes drastic decrease of the mobility measures. Such a low traffic flow efficiency is not acceptable for a freeway facility. For scenario 3, the low HW ADAS and median A Hmax levels (e.g., HW ADAS < 1:4s and 0:4g < A Hmax < 0:6g) should be avoided (see Fig. 8 ). In these ranges, the traffic operation is most unstable and the largest number of conflicts per vehicle is observed.
Conclusion
Through a case study by using the proposed methodology, this research reveals that, if the ADAS-drivers set up the ADAS algorithm parameters freely, the implementation of the ADAS actually enlarges the behavior heterogeneity between the ADAS-equipped drivers and the non-equipped drivers. As a result, the systematic safety benefit of the ADAS becomes insignificant and the mobility performance even decreases as more ADAS-equipped vehicles emerge in the vehicle fleet. On the other hand, the study identifies the existence of optimal ADAS algorithm parameters HW ADAS and A Hmax , which are responsible for drivers' desired headway and PRT adaptation, respectively. If the optimal parameters are consistently accepted by drivers, the safety performance measured by the number of conflicts per vehicle and the mobility performance measured by average delay and highway throughput can be improved at the same time. Another interesting finding is that the level of traffic control required to achieve the optimal traffic mobility and safety performance increases as the ADAS penetration rate increases. Under the low penetration rate scenario, there is no need to ask the drivers to consistently implement the optimal ADAS algorithm parameters. In the medium and high penetration rate scenarios, it is preferable for the ADASequipped drivers to use the optimal ADAS algorithm parameters. Moreover, under the high ADAS penetration rate scenario, the optimal ADAS algorithm parameter set contains multiple distinct points, which offer alternative candidates for the traffic management centers as they develop traffic control strategies. For example, some optimal points correspond to the maximum safety MOE and suboptimal mobility MOEs while other points correspond to the maximum mobility MOEs and suboptimal safety MOE. These points can be easily applied for different control priorities (e.g., safety improvement first vs. mobility improvement first). Finally, the presented methodology is not exclusive to the FCW function evaluated in this study.
It actually an open framework that is capable of incorporating other ADAS functions or other advanced transportation technologies, as long as their impact on driving behavior adaptation is quantified. Results from the framework are expected to lay out a solid foundation to further (1) promote successful deployment of the advanced technologies into the existing highway transportation systems; (2) facilitate the development new traffic information services in the traffic environment where the advanced technologies are deployed; and (3) enhance user experience in the traffic environment by offering them useful driving assistance information and driving behavior guidelines.
In our current research, some aspects of the behavior adaptation for both ADAS-equipped drivers and non-equipped drivers are not incorporated into presented methodology. For example, an ADAS-equipped driver might react differently to the same ADAS warning or advisory message due to the effect of the roadway environment and her mental state. After using the ADAS for a long period of time, the driver's behavior patterns may become different with the patterns observed as she first adopts the system. In addition, the non-equipped driver might have different reactions when interacting with ADASequipped drivers and non-equipped drivers. In the future, we will analyze these behavior aspects based on the reported empirical data and incorporate them into the presented methodology framework. In addition, the cognitive model describing human drivers' decision process will be integrated to more accurately predict the drivers' driving activities under the influence of the ADAS.
